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Risk and contributing factors of 
ecosystem shifts over naturally 
vegetated land under climate 
change in China
Yuanyuan Yin1, Qiuhong Tang1, Lixin Wang2 & Xingcai Liu1
Identifying the areas at risk of ecosystem transformation and the main contributing factors to the risk 
is essential to assist ecological adaptation to climate change. We assessed the risk of ecosystem shifts 
in China using the projections of four global gridded vegetation models (GGVMs) and an aggregate 
metric. The results show that half of naturally vegetated land surface could be under moderate or 
severe risk at the end of the 21st century under the middle and high emission scenarios. The areas 
with high risk are the Tibetan Plateau region and an area extended northeastward from the Tibetan 
Plateau to northeast China. With the three major factors considered, the change in carbon stocks is the 
main contributing factor to the high risk of ecosystem shifts. The change in carbon fluxes is another 
important contributing factor under the high emission scenario. The change in water fluxes is a less 
dominant factor except for the Tibetan Plateau region under the high emission scenario. Although there 
is considerable uncertainty in the risk assessment, the geographic patterns of the risk are generally 
consistent across different scenarios. The results could help develop regional strategies for ecosystem 
conservation to cope with climate change.
Climate change has a strong influence on terrestrial ecosystems, and the influence is almost certain to grow in the 
near future1. Global warming and the associated rise in extreme temperatures substantially increase the chance of 
concurrent droughts and heat waves2,3. Continuing changes and climate extremes could cause significant impacts 
on the terrestrial ecosystems, such as changes in regional carbon stocks and vegetation leaf cover2,4.
China has a variety of ecosystems ranging from alpine tundra to evergreen tropics and from desert to forest. 
The impact of climate change on terrestrial ecosystems in China has attracted considerable interests. Many impact 
assessments focus on one or a few aspects such as vegetation structure and distribution5,6, or carbon cycle (e.g. 
carbon flux and stock, net primary productivity (NPP))5,7,8. Because change in NPP integrates climatic, ecolog-
ical, geochemical and human influences on the biosphere9, NPP has been widely used as an index to quantify 
ecosystem change in climate change impact assessments8. Although NPP is a useful index, it does not explicitly 
represent the changes between future and present ecosystems in stocks and fluxes of carbon and water, as well as 
vegetation structures. Thus it is difficult to identify the main factors influencing ecosystem shifts and to know to 
what degree climate change can be tolerated before complex ecological systems start to shift.
In order to quantify the comprehensive risk of ecosystem changes under climate change, Heyder et al.10 pro-
posed an aggregated metric, Γ , of joint changes in macroscopic ecosystem features, which have been used in the 
risk analysis of climate change impacts on the terrestrial biosphere at a global scale11–14. This metric is based on 
a specific subset of macroscopic variables (e.g., carbon fluxes, carbon stocks and water fluxes) that characterize 
the ecosystem state. Essentially, this metric Γ uses aggregated changes in the biogeochemical ecosystem state as 
a proxy for the risk of ecosystem shifts. Ecosystem shift in this study refers to the state that the ecosystem has 
been pushed beyond the point of recovering15. Based on the specific subsets of variables, this metric could also be 
used to identify the main factors influencing ecosystem shifts. The ecosystem risk under climate change in China 
has been assessed with the metric Γ in the global analysis, however, the surface covered by natural vegetation 
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was not accurately represented in the global analysis16,17. Although an administrative area of interest may be 
extracted from a global assessment, the regional analyses are generally not readily available for decision makers 
who are more interested in the risk and the contributing factors of the risk at the level of administrative area or 
eco-regions. The objective of this study is to identify the high risk areas and the main contributing factors of the 
predicted ecosystem shifts for natural vegetation under climate change in China and to support adaptation to 
climate change at the regional scale.
In order to identify the high-risk areas and the main contributing factors of the predicted ecosystem shifts at 
regional scale, we present a multi-model analysis of ecosystem shift risk in China using the metric Γ . The metric 
Γ was calculated under various climate scenarios18 provided by the Inter-Sectoral Impact Model Intercomparison 
Project (ISI-MIP)19. In ISI-MIP, the GGVMs were forced with the bias-corrected climatic variables from four 
Representative Concentration Pathways (RCPs) outputs of five global climate models (GCMs). It provides an 
opportunity for assessing ecosystem risks of climate change in the 21st century. We used the simulations of four 
GGVMs together with the land cover data of China20 to calculate the metric Γ in the eco-regions of China and to 
identify the major contributing factors of the ecosystem shift risk by analyzing the variables contributed most to 
the change in Γ . Although previous work has provided a global assessment of ecosystem shift risk11, there are few 
attempts to assess the risk at regional scale. Comparing with the global assessments, regional information is more 
useful to guide adaptive ecosystem management especially for nations with various eco-regions such as China 
(Fig. 1). The main questions of this study are: i) what are the region (s) with high risk of ecosystem shift under 
different climate change scenarios in China? ii) What are the main contributing factors of the predicted ecosystem 
shifts? And iii) what are the major sources of uncertainties in the estimates?
Results
Dimensions of ecosystem change. Figure 2 shows the dimensions of changes for carbon fluxes, carbon 
stocks and water fluxes at the end of the 21st century (2070–2099) under RCP 8.5. The local relative changes (c) in 
carbon fluxes and stocks are large in the northwest arid region and the Tibetan Plateau region, where vegetation 
carbon and NPP are currently low but would increase in the future due to the effects of temperature rise and 
CO2 fertilization21. The local relative changes (c) in water fluxes are large in the arid areas where a small amount 
of absolute change may indicate a large relative change since the overall fluxes are small. The projected absolute 
changes (g) in carbon fluxes, carbon stocks and water fluxes are large in the Tibetan Plateau region, implying this 
region would experience substantial ecosystem changes in a warming environment. The absolute changes (g) in 
carbon fluxes and stocks are large at the humid regions in eastern China because vegetation carbon, NPP and 
transpiration are high in the humid regions. The absolute changes (g) in water fluxes are small in the arid areas 
but relatively large in the tropical and sub-tropical humid region in southern China where the projected runoff 
would decrease22,23. The changes in the relative magnitude of carbon fluxes, carbon stocks and water fluxes (b) are 
generally small. The result is in line with the spatial patterns in Heyder et al.10 except for some areas in the Tibetan 
Plateau region, likely due to the significant uncertainty in ecosystem responses to climate change in different 
GGVMs. The spatial patterns of the projected dimensions of changes in ecosystem properties are similar for the 
Figure 1. Main land cover types and six eco-regions in China. The cultivated area, sandy desert and swamp 
are not included in the analysis and are classified as others in the map. The boundary of the regions is adopted 
from Zheng27. The land cover data were obtained from Compiling Committee of Chinese Vegetation (CCCV) 
with the scale of 1:1 000 00017. We generate the figure using ArcGIS software (http://www.arcgis.com).
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other RCPs. However, the changes under higher emission scenario are generally higher than those under lower 
emission scenario (Supplementary Figure S1–S3).
Figure 3 shows the calculated metric Γ for each of the variable subset ‘carbon fluxes’, ‘carbon stocks’, or ‘water 
fluxes’ individually (Supplementary Table S1) at the end of the 21st century under four RCPs. Depending on the 
variable subset considered, the spatial patterns of the metric vary greatly. It suggests that the contributing factors 
to the ecosystem shifts are different for different regions. For a specified variable subset considered, the spatial 
pattern of the metric under different RCPs is similar although the metric is generally small under the lowest 
emission scenario RCP 2.6 and becomes greater under higher emission scenario. The metric Γ for carbon fluxes 
under RCP 8.5 is considerable in the Tibetan Plateau and temperate humid/sub-humid regions where the changes 
in carbon fluxes are likely caused by temperature-driven increase in soil respiration and CO2 fertilization effects 
on NPP24–26. The metric Γ for carbon stocks under RCP 8.5 is greater than 0.3 in the Tibetan Plateau region and 
the eastern China region. Based on simulations of the GGVMs, the metric Γ for water fluxes is small in most 
parts of China under all emission scenarios. The only exception is the Tibetan Plateau region where the median 
of the metric Γ for water fluxes is greater than 0.25 under RCP 8.5. The results are in line with Heyder et al.10 and 
Warszawski et al.11
Risk of ecosystem shifts. Figure 4 shows the integrated ecosystem change metric Γ combining all the var-
iable subsets (Supplementary Table S1) at the end of the 21st century under four RCPs. Under the lowest emission 
scenario RCP 2.6, the ecosystem change metric Γ is small in most parts of China except for an area in the Tibetan 
Plateau region, where the ecosystem shifts are moderate or severe. The area with severe or moderate risk of eco-
system shifts becomes larger under higher emission scenarios. Under RCP 8.5, the Tibetan Plateau region and 
part of the temperate humid/sub-humid and cold temperate humid regions would have severe risk of ecosystem 
shifts. The high value of Γ over the Tibetan Plateau region results from the combination of the changes in carbon 
fluxes, carbon stocks, and water fluxes (Fig. 3). The temperate humid/sub-humid and cold temperate humid 
regions would have moderate risk of ecosystem shifts. With the three major factors considered, the changes in 
carbon fluxes and carbon stocks are the main contributing factors to the risk of ecosystem shifts (Fig. 3). The risk 
of ecosystem shifts is generally low in the northwest arid region and tropical and sub-tropical humid region. In 
these very dry or very wet regions, the projected changes in water fluxes and carbon fluxes show relative small 
contribution to ecosystem shifts (Fig. 3). More than 50% of the model pairs suggest severe risk of ecosystem shifts 
over one part of the Tibetan Plateau region under RCP 2.6 (Supplementary Figure S4). The consistent model 
agreement on the risk assessment indicates the ecosystems in the Tibetan Plateau would be strongly affected by 
Figure 2. Components (local change, global importance, and balance) of the calculated metric Γ for 
carbon fluxes (left column), carbon stocks (center column) and water fluxes (right column) at the end of 
the 21st century under RCP 8.5. Local change (c), global importance (g), and balance (b) are shown at the 
top, middle and bottom rows, respectively. We generate the maps and integrate them into Fig. 2 using ArcGIS 
software.
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climate change even if the required emission reduction rates is achieved to keep global mean temperature increase 
below 2 °C27. The model agreement on the severe risk estimates is generally low over other regions of China under 
RCP 2.6. Over the Tibetan Plateau region, the area with high model agreement on severe risk becomes larger 
under RCP 4.5 and RCP 6.0. Moreover, the area with high model agreement on severe risk extends northeastward 
to the temperate humid/sub-humid region and cold temperate humid region (Supplementary Figure S4). Under 
RCP 8.5, most model pairs suggest severe risk over a large part of the temperate humid areas at the end of the 21st 
century (Fig. 4). The area with the severest risk is in the southern and eastern Tibetan Plateau. In the global analy-
sis, the area with the severest risk is also over the Tibetan Plateau although the high-risk area is in the north11. The 
risk in warm temperate humid/sub-humid regions is higher than that in the global analysis11. Possible reasons 
could be that the globally averaged changes are replaced with regional specific values in China, and that the met-
ric of change in vegetation structure is not included in this calculation.
Figure 5 shows the area fractions with severe and moderate risk of ecosystem shifts under different RCPs 
from the present to the end of the 21st century. The area with severe risk is generally small (less than 5%) before 
2030 (i.e., the period of 2016–2045) under all RCPs. Under RCP 2.6, the fraction of area with severe risk reaches 
5% at 2050 and increases slightly thereafter. The fraction of area with severe risk exceeds 5% at 2035, 2040, and 
2050 under RCP 8.5, RCP 4.5, and RCP 6.0, respectively. The fraction of area with severe risk under RCP 6.0 is 
smaller than that under RCP 4.5 before 2070, likely because the greenhouse gas (GHG) concentration under RCP 
4.5 is generally higher than that under RCP 6.0 before the mid-21st century28. At about 2070, the area with severe 
risk under RCP 4.5 and RCP 6.0 occupies 15% of naturally vegetated area while the fraction of area with severe 
risk under RCP 8.5 is 27%. At the end of the 21st century, the fraction of area with severe risk reaches 17%, 23% 
and 35% under RCP 4.5, RCP 6.0, and RCP 8.5, respectively. The fraction of area with severe risk under RCP 6.0 
Figure 3. Ecosystem change metric Γ for carbon fluxes (left column), carbon stocks (center column) and 
water fluxes (right column) at the end of the 21st century under different emission scenarios. The rows from 
top to bottom show the results under RCP 2.6, RCP 4.5, RCP 6.0, and RCP 8.5, respectively. We generate the 
maps and integrate them into Fig. 3 using ArcGIS software.
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becomes larger than that under RCP 4.5 at the end of the 21st century as the GHG concentration under RCP 6.0 
becomes larger in the late 21st century28. The area with moderate risk is much larger than that with severe risk. At 
the end of the 21st century, about one quarter of the area would face moderate risk of ecosystem shifts under RCP 
2.6. The fraction of area with moderate risk under RCP 6.0 is smaller than that under RCP 4.5 at the beginning 
but becomes similar after 2070. The area with moderate risk under RCP 6.0 and RCP 4.5 occupies about half of 
the area by the end of the 21st century.
Figure 4. Ecosystem change metric Γ for all variables at the end of the 21st century under four RCPs (RCP 
2.6, RCP 4.5, RCP 6.0, and RCP 8.5). We generate the maps and integrate them into Fig. 4 using ArcGIS 
software.
Figure 5. Area fractions of severe risk (a) and moderate risk (b) of ecosystem shifts from present to the end 
of the 21st century under four RCPs (RCP 2.6, RCP 4.5, RCP 6.0, and RCP 8.5). The shaded band denotes the 
inter-quartile range and the solid line shows the median of the GCM-GGVM pairs. We generate the maps and 
integrate them into Fig. 5 using MATLAB software.
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Figure 6 shows the mean, median and inter-quartile range of the integrated Γ estimates of all three variables in 
the six eco-regions of China29 under different RCPs at the end of the 21st century. Under RCP 2.6, the median of 
the Γ estimates for all variables in the Tibetan Plateau region is 0.1, indicating that half of the grids in the Tibetan 
Plateau region would have moderate risk of ecosystem shifts. Less than 25% grids in the Tibetan Plateau region 
would have severe risk while the risk is below the severe level for all the grids in the other regions. The medians 
of the Γ estimates in the Tibetan Plateau region are greater than 0.1 for both carbon fluxes and stocks but less 
than 0.1 for water fluxes, suggesting that with the three major factors considered, the changes in carbon fluxes 
Figure 6. Mean, median and inter-quartile range of the Γ estimates for all variables and variable subsets 
‘carbon fluxes’, ‘carbon stocks’, and ‘water fluxes’ in the eco-regions of China at the end of the 21st century 
under four RCPs (RCP 2.6, RCP 4.5, RCP 6.0, and RCP 8.5). The shaded box shows the inter-quartile range, 
the vertical line gives the maximum and minimum, the black horizontal line marks the median, and the red 
horizontal line marks the mean of the Γ estimates in the region. The eco-regions are shown in Fig. 1. We 
generate the maps and integrate them into Fig. 6 using Origin software.
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and stocks are the main factors contributing to the moderate to high risk. Although the Γ estimates for carbon 
stocks are greater than 0.1 for most grids (more than 75%) in the humid and sub-humid regions (regions I, II, IV, 
V (Fig. 1)), the Γ estimates for carbon and water fluxes are generally small. As a consequence the integrated Γ esti-
mates are less than 0.1 in these regions. The Γ estimates are small for each variable subset and for the integrated Γ 
estimates over the northwest arid region, indicating a low risk of ecosystem shifts for this region.
Under RCP 4.5 and RCP 6.0, more than 25% grids in the Tibetan Plateau region would have severe risk and 
more than 75% grids would have moderate risk of ecosystem shifts. The Γ estimates for both carbon fluxes and 
carbon stocks are greater than 0.3 at more than half of the grids in the Tibetan Plateau region, indicating that with 
the three major factors considered, change in carbon is the main contributing factor to the high risk of ecosystem 
shifts. Under RCP 6.0, more than 50% grids in the humid/semi-humid regions (regions II and IV) would have 
moderate risk, largely due to changes in carbon stocks and fluxes. The change in carbon stocks is large, with Γ 
for carbon stocks greater than 0.1, over the cold temperate humid region (region I) and tropical and sub-tropical 
humid region (region VI). However, the changes in carbon and water fluxes are small with the corresponding Γ 
value less than 0.1 in these regions. This makes the integrated Γ estimates are below the moderate risk level at 
more than half of the grids in regions I and VI.
Under RCP 8.5, Γ estimates for carbon stocks and fluxes are greater than 0.3 for more than half grids and Γ 
estimates for water fluxes are greater than 0.3 at about half grids in the Tibetan Plateau region. Consequently, 
more than half grids in the Tibetan Plateau region would have severe risk and more than 75% grids would have 
moderate risk of ecosystem shifts. In contrast to the high latitudes where soil respiration may increase and soil 
carbon stocks decrease, the soil carbon stocks in Tibetan Plateau would increase (Supplementary Table S2). It 
suggests that the increased vegetation carbon input to soil in this region is larger than the loss through soil respi-
ration in a warmer environment. The Γ estimates for all variables are above the moderate risk level for more than 
75% of the grids in the temperate humid/semi-humid regions (regions I, II, and IV). Relatively large increases 
in carbon contained in vegetation, fire carbon, and NPP have caused the large Γ estimates in temperate humid/
sub-humid region (Supplementary Table S2). The Γ estimates for carbon stocks are greater than 0.1 for all the 
grids and Γ estimates for carbon fluxes are greater than 0.1 for about or over half girds in the above three regions. 
It confirms that with the three major factors considered, change in carbon is the main contributing factor to the 
high risk of ecosystem shifts.
Model spread and uncertainty. Figure 7 shows the standard deviation of the Γ (for all variables) caused 
by all the available GCM-GGVM pairs, GCMs and GGVMs at the end of the 21st century under four RCPs. The 
model spread is less than 0.1 across the RCPs in the northwest arid region and south part of the tropical and 
sub-tropical humid region where the risk of ecosystem shifts is generally low. The model spread is generally 
high in the area where the estimated risk of ecosystem shifts is high. The largest model spread is found in the 
Figure 7. Model spread in the Γ estimates for all variables at the end of 21st century caused by the  
GCM-GGVM pairs (top row), GCMs (middle row) and GGVMs (bottom row) under four RCPs (RCP 2.6, 
RCP 4.5, RCP 6.0, and RCP 8.5). We generate the maps and integrate them into Fig. 7 using ArcGIS software.
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Tibetan Plateau region. The standard deviation of the Γ estimates is about 0.15 under RCP 2.6, and reaches 0.25 
under RCP 8.5. Although most model pairs support a high risk of ecosystem shifts at the Tibetan Plateau region 
(Supplementary Figure S4), the large standard deviations indicate that there are model pairs supplying a conserv-
ative risk assessment.
The uncertainty in Γ estimates arising from the GGVMs is on average approximately twice as large as the 
uncertainty arising from the GCMs, in line with the finding in Warszawski et al.11 and Friend et al.30. The cli-
matic variables from the GCMs were bias-corrected against ground observations in the historical period18. The 
bias-correction may have reduced the spread among the GCMs. The uncertainty arising from the GCMs is largely 
in the southwest part of the Tibetan Plateau region where ground observations were sparse. The model spread 
arising from the GCMs is similar across the RCPs, indicating that different emissions and degrees of global tem-
perature increase would have little impact on the uncertainty caused by the GCMs. The uncertainty arising from 
the GGVMs is largely in the Tibetan Plateau region and temperate regions where the estimated risk of ecosystem 
shifts is high. Although the pattern of the uncertainty from the GGVMs is similar across the RCPs, the magnitude 
of the uncertainty is higher under the high emission scenarios than the low emission scenarios. The increased 
uncertainty along with global temperature and CO2 concentration increase is likely due to different model formu-
lations of the fundamental physiological processes in the GGVMs30.
Discussion and Conclusions
In this study we assess the risk of ecosystem shifts under climate change in China by calculating an aggregate 
ecosystem change metric of joint changes in carbon and water fluxes and carbon stocks (Γ ). The results show that 
more than half of the area covered by natural vegetation would face moderate to severe risk of ecosystem shifts at 
the end of the 21st century under RCP 4.5, RCP 6.0, or RCP 8.5. The Tibetan Plateau is the region with the high-
est risk of ecosystem shifts in China while the northwest and southern China are the areas with the lowest risk. 
The high risk in the Tibetan Plateau is likely linked to the fact that carbon stocks and fluxes are most sensitive to 
temperature changes in the cold area. In the high latitude region, where soil respiration increases and soil carbon 
stocks decrease in a warmer environment, is more severely affected by global warming10. In the Tibetan Plateau 
region, the soil carbon stocks are not decreasing under a warmer environment because the increased vegetation 
carbon input to soil caused by warming may compensate the increased loss through soil respiration31. Ecosystem 
risks under climate change have been assessed in China using metrics representing one aspect of ecosystem in 
the previous studies6,32. The high-risk regions that this study identified are basically consistent with the previous 
analyses except for the northwestern China where this study suggested low risk while the previous study32 sug-
gested high risk. The previous study32 focused on NPP only. However, this study used an aggregated metric which 
considered multi-dimensions of the ecosystem states. Although the local relative changes in carbon and water are 
high in the northwestern China (Fig. 2), the overall estimated risk in this region is relatively low (Fig. 3).
With the three major factors considered, the changes in carbon stocks and fluxes are the main contributing 
factors to the high risk of ecosystem shifts. The change in carbon stocks is generally large with Γ value over 0.3 at 
the end of the 21st century in all the eco-regions except for the northwest China. The change in carbon fluxes is 
generally small under low emission scenario, while the change becomes larger under higher emission scenarios 
but the degree of changes varies for different regions and under different RCPs. The change in water fluxes is gen-
erally small in all the eco-regions except for the Tibetan Plateau region. The change in water fluxes has relatively 
small impacts on ecosystem shifts in the Tibetan Plateau region under low emission scenarios but would have 
considerable impacts under high emission scenarios.
Although most model pairs agree on an increasing risk of the natural ecosystem in China under all RCPs 
and support a high risk of ecosystem shifts at the Tibetan Plateau region, there is large uncertainty in the model 
estimates because of inherent uncertainty of projections from GCMs33,34 or terrestrial biosphere models11,35,36. 
The model spread is especially large in the areas where the estimated risk is high. Compared with the GCMs, the 
GGVMs are the main source of the uncertainty of risk estimates. The uncertainty arising from the GGVMs is 
higher under the higher emission scenarios than under the lower emission scenarios, suggesting the inherently 
different responses to the elevated temperature and CO2 concentration in the GGVMs.
Given the complexity of terrestrial ecosystem response to climate change, future research should further 
improve our understanding of climate change impact on multi-processes of the terrestrial ecosystems. It should 
be noted this study focuses on climate change impacts on natural vegetation only. Other human-induced major 
drivers of ecosystem change, such as land use change and forest management practices altering the exchange 
of carbon and water between the atmosphere and terrestrial ecosystem, are not considered in our analysis. The 
current GGVMs have some fundamental limitations. For example, the constraint of limited supply of nitro-
gen and other nutrients is generally not well considered in the GGVMs37. Nonetheless, this study provides a 
state-of-the-art multi-model analysis of ecosystem risk under climate change in China and diagnoses the main 
contributing factors for the risk in the eco-regions. The high-risk areas and driving factors identified in this study 
could help develop regional strategies for ecosystem conservation to cope with climate change.
Methods
The ecosystem change metric Γ was calculated following Heyder et al.10 The metric calculates the difference 
between an ecosystem state under climate change and the current state. Ecosystem states are characterized as 
vectors in a multi-dimensional state space by the variables (Supplementary Table S1) simulated by GGVMs, with 
each dimension representing a specific fluxes change, stock or process variables. The metric Γ is co-determined 
by the following five dimensions: change in vegetation structure (∆V)38; relative, local change of ecosystem (c) 
(compared to grid cell-specific mean value during the reference period); absolute, global change of ecosystem (g) 
(compared to the global mean value during the reference period); changes in the relative magnitude of key bioge-
ochemical exchange fluxes (b) (computed as the angle between certain state vector in future and reference state 
www.nature.com/scientificreports/
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vector); and change in inter-annual variability (S(x, σx)) (a normalized sigmoid function of the ratio to standard 
deviation in the reference period, and computed for c, g and b). The ecosystem change metric Γ combines these 
multiple dimensions10. The range of value for the above dimensions is 0–1, with 0 being no change and nearly 1 
being very strong change (i.e., Γ = 0.98 for a change from mixed forest to desert)12. Since the vegetation compo-
sition data are unavailable, ∆V  is not included in the calculation. The other three components (c, b and g) were 
scaled up accordingly in Equation (1) (the factor in the denominator is 3). The exclusion of ∆Vmight result in an 
increased weighting of the other components, but not necessarily reduce or increase the estimated risk.
σ σ σΓ = ∆ + ( , ) + ( , ) + ( , ) / ( ){ }V cS c gS g bS b 4 1c g b
The variables used to compute the metric Γ (Supplementary Table S1) were taken from the simulations of 4 
GGVMs – JeDi39, JULES40,41, LPJmL42,43, VISIT44 in ISI-MIP (Supplementary Table S3). These models contain 
different sub-model types and different parameterizations of carbon and water processes. The dissimilarities of 
the models and the consequent cautions needed in interpreting the model results are discussed in Friend et al.45. 
In order to assess the performance of the GGVMs in China, we compared the model simulated NPP with the 
remotely sensed NPP estimates in China46,47. The simulated NPP agrees well with the remotely sensed estimates 
(Supplementary Figure S5), suggesting the GGVM products may be used in the regional study. The 5 selected 
GCMs span the core space of relative changes in annual precipitation and changes in annual temperature in China 
between end of the century and present-day19,48, indicating that the selected GCMs can appropriately represent 
the range of possible futures and provide plausible results for future climate in China (Supplementary Figure S6). 
Table S4 specifies the variables reported by each GGVM, which were included in the calculation. The simulation 
outputs of the GGVMs were provided from 1971 to 2099. Three GGVMs (JeDi, JULES, and LPJmL) had simula-
tion results for four RCPs (a set of four pathways were produced that lead to radiative forcing levels of 8.5, 6, 4.5 
and 2.6 W/m2 by the end of the century)49 of five GCMs from the Fifth Coupled Model Inter-comparison Project 
(CMIP5)50 but VISIT model had only simulation results for RCP 2.6 and RCP 8.5 of three GCMs (Supplementary 
Table S5). The model outputs of LPJmL and VISIT were provided on a 0.5° × 0.5° grid, and the model outputs of 
JeDi and JULES were provided on a 1.25° × 1.85° grid. We assigned the value of a 1.25° × 1.85° grid, to which the 
central point of a 0.5 degrees grid belong, to the 0.5 degrees grid51.
All the GGVMs took into account the CO2 fertilization effects. As the land surface was assumed to be covered 
by natural vegetation only during these model simulations12, the ecosystem shifts implied by the GGVMs were 
only driven by climate change rather than land-use change. Therefore, we focused on the risk of only natural veg-
etation in this analysis (excluding sandy desert, swamp, and cultivated area) (Fig. 1).
The period of 1981–2010 (denoted as 1995) was used as the reference period to estimate the current state of 
ecosystem. The reference period was also used in calculation of c, g, and σ( , )S x x . The g was calculated based on 
the data in China, rather than the data over global land surface in the global study. The ecosystem change metric 
Γ was computed between a future period and the reference period. To ensure that year-to-year variability dose 
not dominate the signal, a future period was a 30-year period centered on a year from 1995 to 2084. The 30-year 
moving average was used to denote as the central year of the period. For example, the average of the future period 
of 2070–2099 was denoted as 2084.
The metric Γ was firstly calculated for each of the variable subset ‘carbon fluxes’, ‘carbon stocks’, or ‘water 
fluxes’ individually and then was calculated for the variable subset ‘all’ (Supplementary Table S1). If the metric 
for one variable subset is high, it suggests that the variable subset is a contributing factor to the overall ecosystem 
shifts. Otherwise, the variable subset has little contribution to the ecosystem shifts. The metric Γ was computed 
for each GCM-GGVM pair under different RCPs. There were five GCMs and four GGVMs, making a maximum 
number of model pairs of 20 under each RCP. However, this study used 18 model pairs for RCP 2.6 and RCP 
8.5 and 15 model pairs for RCP 4.5 and RCP 6.0 because some model simulations were not available in ISI-MIP 
(Supplementary Table S5). The multi-model-ensemble median (MMEM) of Γ from the ensemble of all the avail-
able GCM-GGVM pairs was calculated.
We considered Γ = 0.3 and Γ = 0.1 as two thresholds for severe and moderate risk, respectively10. If the 
MMEM of the ecosystem change metric Γ for all variable subsets was greater than 0.3 in a future period, the grid 
was considered to have severe risk of ecosystem shifts. The area fraction of severe or moderate risk was calcu-
lated as the area with Γ value greater than 0.3 or greater than 0.1 divided by the total area of natural vegetation 
in China. In order to illustrate the risk difference within each region, the mean, median and inter-quartile range 
(range between the 25th and 75th percentiles) of the Γ of the grids were calculated for 6 different eco-regions in 
China (Fig. 1 and Supplementary Table S6), the boundary of which was adopted from Zheng30.
The standard deviation of the Γ estimates from all the available GCM-GGVM pairs was used to quantify the 
model agreement in assessing the ecosystem shift risk. The model spreads caused by GGVMs and GCMs were 
evaluated separately. The standard deviation of the Γ estimates from the four GGVMs was firstly calculated for 
each GCM. The averaged GGVM standard deviations of the five GCMs was then used to assess the model spread 
caused by GGVMs. Using the same calculation procedure, the averaged GCM standard deviations of the four 
GGVMs was used to assess the model spread caused by GCMs.
References
1. IPCC (Intergovernmental Panel on Climate Change). Climate Change 2014: Impacts, Adaptation, and Vulnerability. Contribution of 
Working Group II to the Fifth Assessment Report of the Intergovernmental Panel on Climate Change. Cambridge, United Kingdom 
and New York, NY USA: Cambridge University Press (2014).
2. AghaKouchak, A., Cheng, L., Mazdiyasni, O. & Farahmand, A. Global warming and changes in risk of concurrent climate extremes: 
Insights from the 2014 California drought. Geophys. Res. Lett. 41, 8847–8852 (2014).
3. Leng, G., Tang, Q., Huang, S. & Zhang, X. Extreme hot summers in China in the CMIP5 climate models. Clim. Chang. doi: 10.1007/
s10584-015-1576-y (2015).
www.nature.com/scientificreports/
1 0Scientific RepoRts | 6:20905 | DOI: 10.1038/srep20905
4. Donohue, R. J., Roderick, M. L., McVicar, T. R. & Farquhar, G. D. Impact of CO2 fertilization on maximum foliage cover across the 
globe’s warm, arid environments. Geophys. Res. Lett. 40, 3031–3035 (2013).
5. Tao, F. & Zhang, Z. Dynamic responses of terrestrial ecosystems structure and function to climate in China. J. Geophys. Res. 115, 
G03003, doi: 10.1029/2009JG001062 (2010).
6. Wang, H. A multi-model assessment of climate change impacts on the distribution and productivity of ecosystems in China. Reg. 
Environ. Change 14, 133–144 (2014).
7. Piao, S. et al. The carbon balance of terrestrial ecosystems in China. Nature 458, 1109–1114 (2009).
8. Ni, J. Impacts of climate change on Chinese ecosystems: key vulnerable regions and potential thresholds. Reg. Environ. Change 11, 
S49–S64 (2011).
9. Nemani, R. R. Climate-driven increases in global terrestrial net primary production from 1982 to 1999. Science 300, 1560–1563 
(2003).
10. Heyder, U., Schaphoff, S., Gerten, D. & Lucht, W. Risk of severe climate change impact on the terrestrial biosphere. Environ. Res. Lett. 
6, 034036, doi: 10.1088/1748-9326/6/3/034036 (2011).
11. Warszawski, L. et al. A multi-model analysis of risk of ecosystem shifts under climate change. Environ. Res. Lett. 8, 044018, 
doi: 10.1088/1748-9326/8/4/044018 (2013).
12. Ostberg, S., Lucht, W., Schaphoff, S. & Gerten, D. Critical impacts of global warming on land ecosystems. Earth Syst. Dynam. 4, 
347–357 (2013).
13. Gerten, D. et al. Asynchronous exposure to global warming: freshwater resources and terrestrial ecosystems. Environ. Res. Lett., 8, 
034032, doi: 10.1088/1748-9326/8/3/034032 (2013).
14. Piontek, F. et al. Multisectoral climate impact hotspots in a warming world. Proc. Natl. Acad. Sci. USA. 111, 3233–3238 (2014).
15. Scheffer, M. & Carpenter, S. M. Catastrophic regime shifts in ecosystems: linking theory to observation. Trends Ecol. Evol. 18, 
648–656 (2003).
16. Cui, X. F. & Graf, H. F. Recent land cover changes on the Tibetan Plateau: a review. Clim. Chang. 94, 47–61 (2009).
17. Li, S. C., Zhang, Y. L. & He, F. N. Reconstruction of cropland distribution in Qinghai and Tibet for the past one hundred years and 
its spatiotemporal changes. Progress in Geography 34, 197–206 (2015). (in Chinese)
18. Hempel, S., Frieler, K., Warszawski, L., Schewe, J. & Piontek, F. A trend-preserving bias correction – the ISI-MIP approach. Earth 
Syst. Dynam. 4, 219–236 (2013).
19. Warszawski, L. et al. The inter-sectoral impact model intercomparison project (ISI-MIP): project framework. Proc. Natl. Acad. Sci. 
USA. 111, 3228–3232 (2014).
20. Compiling Committee of Chinese Vegetation (CCCV). Vegetation Map of the People’s Republic of China (1:1 000 000). Beijing: 
Geological Publishing House, 2007.
21. Zhang, F. et al. Variations of terrestrial net primary productivity in East Asia. Terr. Atmos. Ocean. Sci. 23, 425–437 (2012).
22. Schewe, J. et al. Multimodel assessment of water scarcity under climate change. Proc. Natl. Acad. Sci. USA. 111, 3245–3250 (2014).
23. Zhang, X. J., Tang, Q., Zhang, X. Z. & Lettenmaier, D. P. Runoff sensitivity to global mean temperature change in the CMIP5 models. 
Geophys. Res. Letters 41, 5492–5498 (2014).
24. Fan, G., Zhang, T., Ji, J., Li, K. & Liu, J. Numerical simulation of the carbon cycle over the Tibetan Plateau, China. Arct. Antarct. Alp. 
Res. 39, 723–731 (2007).
25. Zhuang, Q. et al. Carbon dynamics of terrestrial ecosystems on the Tibetan Plateau during the 20th century: an analysis with a 
process-based biogeochemical model. Global Ecol. Biogeogr. 19, 649–662 (2010).
26. Piao, S. et al. Evaluation of terrestrial carbon cycle models for their response to climate variability and to CO2 trends. Global Change 
Biol. 19, 2117–2132 (2013).
27. van Vuuren, D. P. et al. RCP 2.6: exploring the possibility to keep global mean temperature increase below 2 °C. Clim. Change 109, 
95–116 (2011).
28. Meinshausen, M. et al. The RCP greenhouse gas concentrations and their extensions from 1756 to 2300. Clim. Change 109, 213–241 
(2011).
29. Zheng, D. A study on the eco-geographic regional system of China. Food Agricultural Organization (FAO), FRA 2000: Global ecological 
zones mapping. Cambridge, United Kingdom (1999).
30. Friend, A. D. et al. Carbon residence time dominates uncertainty in terrestrial vegetation responses to future climate and 
atmospheric CO2. Proc. Natl. Acad. Sci. USA. 111, 3280–3285 (2014).
31. Yang, Y. H. et al. Changes in topsoil carbon stock in the Tibetan grasslands between the 1980s and 2004. Glob. Change Biol. 15, 
2723–2729 (2009).
32. Zhao, D., Wu, S. & Yin, Y. Responses of terrestrial ecosystems’ net primary productivity to future regional climate change in China. 
PLoS One 8, e60849, doi: 10.1371/journal.pone.0060849 (2013).
33. Fowler, H. J. & Ekstrom, M. Multi-model ensemble estimates of climate change impacts on UK seasonal precipitation extremes. Int. 
J. Climatol. 29, 385–416 (2009).
34. Müller, C., Waha, K., Bondeau, A. & Heinke, J. Hotspots of climate change impacts in sub-Saharan Africa and implications for 
adaptation and development. Global Change Biol. 20, 2505–2517 (2014).
35. Knorr, W. & Heimann, M. Uncertainties in global terrestrial biosphere modeling: part 1 a comprehensive sensitivity analysis with a 
new photosynthesis and energy balance scheme. Global Biogeochem. Cycles 15, 207–225 (2001).
36. Knorr, W. & Heimann, M. Uncertainties in global terrestrial biosphere modeling: part 2 global constraints for process-based 
vegetation model. Global Biogeochem. Cycles 15, 227–246 (2001).
37. Norby, R. J., Warren, J. M., Iversen, C. M., Medlyn, B. E. & McMurtrie, R. E. CO2 enhancement of forest productivity constrained by 
limited nitrogen availability. Proc. Natl. Acad. Sci. USA. 107, 19368–19373 (2010).
38. Sykes, M. T., Prentice, I. C. & Laarif, F. Quantifying the impact of global climate change on potential natural vegetation. Clim. 
Change 41, 37–52 (1999).
39. Pavlick, R., Drewry, D. T., Bohn, K., Reu, B. & Kleidon, A. The Jena Diversity-Dynamic Global Vegetation Model (JeDi-DGVM): a 
diverse approach to representing terrestrial biogeography and biogeochemistry based on plant functional trade-offs. Biogeosciences 
10, 4137–4177 (2013).
40. Best, M. J. et al. The Joint UK Land Environment Simulator (JULES), model description – part 1: energy and water fluxes. Geosci. 
Model Dev. 4, 677–699 (2011).
41. Clark, D. B. et al. The Joint UK Land Environment Simulator (JULES), model description – part 2: carbon fluxes and vegetation. 
Geosci. Model Dev. 4, 701–722 (2011).
42. Rost, S. et al. Agricultural green and blue water consumption and its influence on the global water system. Water Resour. Res. 44, 
1–17 (2008).
43. Bondeau, A. et al. Modelling the role of agriculture for the 20th century global terrestrial carbon balance. Global Change Biol. 13, 
679–706 (2007).
44. Inatomi, M., Ito, A., Ishijima, K. & Murayama, S. Greenhouse gas budget of a cool-temperate deciduous broad-leaved forest in Japan 
estimated using a process-based model. Ecosystems 13, 472–483 (2010).
45. Friend, A. D. et al. Carbon residence time dominates uncertainty in terrestrial vegetation responses to future climate and 
atmospheric CO2. Proc. Natl. Acad. Sci. USA. 111, 3280–3285 (2014).
www.nature.com/scientificreports/
1 1Scientific RepoRts | 6:20905 | DOI: 10.1038/srep20905
46. Zhao, M., Heinsch, F. A., Nemani, R. R. & Running, S. W. Improvements of the MODIS terrestrial gross and net primary production 
global data set. Remote Sens. Environ. 95, 164–176 (2005).
47. Zhao, M., Running, S. W. & Nemani, R. R. Sensitivity of moderate resolution imaging spectroradiometer (MODIS) terrestrial 
primary production to the accuracy of meteorological renanlyses. J. Geophys. Res. 111, G01002, doi: 10.1029/2004JG000004 (2006).
48. Vano, J. A., Kim, J. B., Rupp, D. E. & Mote, P. W. Selecting climate change scenarios using impact-relevant sensitivities. Geophys. Res. 
Lett. 42, 5516–5525 (2015).
49. Van Vuuren, D. P. et al. The representative concentration pathways: an overview. Clim. Chang. 109, 5–31 (2011).
50. Taylor, K. E., Stouffer, R. J. & Meehl, G. A. An overview of CMIP5 and the experiment design. Bull. Amer. Meteor. Soc. 93, 485–498 
(2012).
51. Piontek, F. et al. Multisectoral climate impact hotsopts in a warming world. Proc. Natl. Acad. Sci. USA. 111, 3233–3238 (2014).
Acknowledgements
Funding for this research was provided by the National Basic Research Program of China (2012CB955403), 
National Natural Science Foundation of China (41425002) and the National Youth Top-notch Talent Support 
Program in China. Model outputs from the GGVMs are obtained from the ISI-MIP ESGF Node (http://esg.pik-
potsdam.de). We thank Kaseke Kudzai for assisting editing this manuscript.
Author Contributions
Q.T. and Y.Y. designed the study. Y.Y. conducted the analysis. L.W. and X.L. contributed ideas. All of the authors 
contributed to the paper writing.
Additional Information
Supplementary information accompanies this paper at http://www.nature.com/srep
Competing financial interests: The authors declare no competing financial interests.
How to cite this article: Yin, Y. et al. Risk and contributing factors of ecosystem shifts over naturally vegetated 
land under climate change in China. Sci. Rep. 6, 20905; doi: 10.1038/srep20905 (2016).
This work is licensed under a Creative Commons Attribution 4.0 International License. The images 
or other third party material in this article are included in the article’s Creative Commons license, 
unless indicated otherwise in the credit line; if the material is not included under the Creative Commons license, 
users will need to obtain permission from the license holder to reproduce the material. To view a copy of this 
license, visit http://creativecommons.org/licenses/by/4.0/
